Methods: Multiple linear regression models (n=168, including 83 white European and 85
South Asian men) were created using variables that are thought to be important in predicting fitness (VO2 max, mLkg -1 min -1 ): age (years); BMI (kg·m -2 ); resting heart rate (beatsmin -1 );
smoking status (0=never smoked, 1=ex or current smoker); physical activity expressed as quintiles (0=quintile 1, 1=quintile 2, 2=quintile 3, 3=quintile 4, 4=quintile 5), categories of moderate-to vigorous-intensity physical activity (0=<75 minwk -1 , 1=75-150 minwk -1 , 2=>150-225 minwk -1 , 3=>225-300 minwk -1 , 4=>300 minwk -1 ), or minutes of moderate-to vigorous-intensity physical activity (minwk -1 ); and, ethnicity (0=South Asian, 1=white). The leave-one-out-cross-validation procedure was used to assess the generalizability and the bootstrap and jackknife resampling techniques were used to estimate the variance and bias of the models.
Introduction
Cardiorespiratory fitness reflects the ability of the lungs and cardiovascular system to transport oxygen and the ability of the tissues and organs to extract and use oxygen during sustained exercise. Cardiorespiratory fitness is a strong, independent predictor of morbidity and mortality when measured during a maximal exercise test (4, 13) . However, the measurement of cardiorespiratory fitness is not deemed feasible in many healthcare settings because it is expensive, time-consuming, and requires trained personnel (12, 16, 20) .
Cardiorespiratory fitness can be estimated using equations containing variables that might be readily available, such as age, body mass index (BMI), resting heart rate, and physical activity (12, 15) . When cardiorespiratory fitness is estimated from non-exercise testing equations, it is associated with all-cause and cardiovascular disease mortality (16, 20) . The existing non-exercise testing equations were developed in samples of predominantly white men and women and may not be generalizable to others (12, 15) . Cardiorespiratory fitness is significantly different when measured during a maximal exercise test in white men and men of South Asian descent matched for age and BMI; and, the lower cardiorespiratory fitness of South Asian men cannot be explained by their lower physical activity (7) . The purpose of this study was to develop and validate equations to estimate cardiorespiratory fitness in white men and South Asian men.
Methods

Data source
Non-exercise testing cardiorespiratory fitness models were developed using data from a cross-sectional study of 100 white European and 100 South Asian men matched for age and BMI living in Glasgow, UK (6) . Volunteers were without coronary heart disease, cerebrovascular disease, peripheral vascular disease, or known diabetes. Whites reported having two parents of white European origin and South Asians reporting having two parents of Indian, Pakistani, Bangladeshi, or Sri Lankan origin. Age and smoking status were reported by the participant, BMI was determined by a trained investigator, resting heart rate was assessed by ECG, and physical activity was assessed by accelerometer (GT3X+ or ActiTrainer, ActiGraph, Florida, USA). Cardiorespiratory fitness was assessed during a maximal exercise, which included a continuous incremental uphill walking protocol (21) .
Respiratory gasses were measured using the Douglas bag technique and cardiorespiratory fitness was expressed as maximal oxygen consumption (VO2 max, mLkg -1 min -1 ) (6). The study was approved by West of Scotland Research Ethics Committee and all participants gave written informed consent.
Model development
A listwise deletion approach was used for missing data. Multiple linear regression models were created using variables that are thought to be important in predicting cardiorespiratory fitness (6, 16, 20) 
Checking assumptions, collinearity and goodness-of-fit
The assumption of constancy of variance was checked by plotting the standardised residuals against the predicted values. Constancy of variance, or homoscedasticity, was assumed to exist if the spread of residuals was constant. The assumption of normality was checked using normal probability plots. Normality was assumed to exist if the standardized residuals were normally distributed. The assumption of linearity was checked by plotting the standardised residuals against each of the covariates; and, polynomial terms up to the order of 3 were manually added to the models and tested for significance following the principles of parsimony (data and graphs not shown). The variance inflation factor (VIF) was used to check for collinearity between any of the covariates in a model. Goodness-of-fit of the model was checked by plotting the observed VO2 max values against the predicted ones.
Model validation
Cross-validated models tend to exhibit far better generalizability (out-of-sample performance) than conventionally fitted models (18) . In the present study, the leave-one-outcross-validation procedure was used to assess the predictive performance of the models on 'unseen' data: a training (n-1 observations) and testing analysis (1 observation) were implemented (n times, with a different observation left out each time). The R 2 and RMSE of the original models were considered alongside the leave-one-out-cross-validation R 2 and RMSE. Bootstrapping is an appropriate way to validate a model in the absence of a large second dataset (5) . In the present study, the bootstrap and jackknife resampling techniques were used to estimate the variance and bias of the models (5). The models were bootstrapped with the use of Monte Carlo simulations. A bootstrap program was written to resample observations with replacement from the data. The number of samples was increased until convergence was seen. The regression coefficients, R 2 statistic and RMSE of the original models were considered alongside the corresponding bootstrapped standard errors and nonparametric 95% confidence intervals based on percentiles. The regression coefficients, standard errors and 95% confidence intervals of the original models were considered alongside the corresponding jackknife standard errors and confidence intervals. Stata (version 13.1., Stata Corp.) was used for model development, model checking, and model validation.
Results
Physical activity was missing in 31 men and cardiorespiratory fitness was missing in one man. Therefore, participants in the present study were 83 white European men and 85 South Moderate-to vigorous-intensity physical activity was 238±160 (14-817) minwk -1 in the present sample and the original sample. Table 1 shows the characteristics of participants in the present sample by ethnicity.
No assumptions were violated, there was no evidence of collinearity, and all models were a good fit. Figure 1 shows the fit of a model without an ethnicity variable and Figure 2 shows the fit of the same model with an ethnicity variable. Around fifty per cent of the variance in cardiorespiratory fitness was explained by the models without an ethnicity variable (n=168 in all models). Fifty-four per cent of the variance in cardiorespiratory fitness was explained by model 1, the model containing age, BMI, smoking status, resting heart rate, and physical activity quintile (Table 2) . Fifty four per cent of the variance in cardiorespiratory fitness was explained by model 2, a similar model containing physical activity category (Table S1 , Supplemental Digital Content). Fifty three per cent of the variance in cardiorespiratory fitness was explained by model 3, a similar model in which physical activity was expressed as minutes (Table S2 , Supplemental Digital Content).
Around seventy per cent of the variance in cardiorespiratory fitness was explained by the models with an ethnicity variable (n=168 in all models). Seventy-one per cent of the variance in cardiorespiratory fitness was explained by model 4, the model containing age, BMI, smoking status, resting heart rate, physical activity quintile, and ethnicity (Table 3) . Similar amounts of variance were explained in models 5 and 6, similar models in which physical activity was expressed as categories or minutes (Tables S3 and S4 , Supplemental Digital Content).
The leave-one-out-cross-validation procedure showed small differences in the observed and cross-validated sets in models 4, 5 and 6, suggesting that these models are generalizable (Table 4) . For example, the observed R 2 value was 0.71, the leave-one-out-cross-validation R 2 value was 0.68, and the R 2 difference was -5.4% in model 4. The bootstrapping program
showed that there was low variance and low bias in model 4, the model containing age, BMI, smoking status, resting heart rate, physical activity quintile, and ethnicity (Table S5, Supplemental Digital Content). There was evidence of convergence with replication. For example, the R 2 value was 0.71 in the original model (Table 3) (Table S5, Supplemental Digital Content). The bootstrapping program showed that there was also low variance and low bias in models 5 and 6, similar models in which physical activity was expressed as categories or minutes (data not shown). The jackknife standard errors were observed to be similar to the original standard errors and the jackknife 95% confidence intervals did not change the importance or statistical significance of any of the variables in the models, which suggests that there was no over-fitting of the data and that the models with an ethnicity variable are reliable (Table S6 , Supplemental Digital Content, shows the results for model 4, for example).
Discussion
The present study demonstrates the importance of incorporating ethnicity in non-exercise equations to estimate cardiorespiratory fitness in multi-ethnic populations. The equations containing age, BMI, smoking status, resting heart rate, physical activity and ethnicity explain much of the variance in cardiorespiratory fitness and are generalizable and reliable.
Existing non-exercise testing equations were developed in samples of predominantly white men and women and may not be generalizable to others (12, 15) . The equations in the present study were developed using data from a study of white European and South Asian men living in the UK (6) . In that study, Ghouri and colleagues (6) measured a difference in VO2 max in whites and South Asians of 8.24 mLkg -1 min -1 (95% confidence interval: 6.33, 10.15).
Ghouri and colleagues (6) concluded that the lower VO2 max values of South Asians could not be explained by their lower physical activity levels. Ghouri and colleagues (6) noted that South Asians had lower fitness levels at all activity levels and they suggested that there might be innate differences in fitness between whites and South Asians. In the present study, equations containing age, BMI, smoking status, resting heart rate and physical activity explained around 50% of the variance in VO2 max and similar equations with an ethnicity variable explained around 70% of the variance in VO2 max. These data demonstrate the importance of using an ethnicity variable to help estimate VO2 max in non-exercise testing equations. Table 6 of Jurca and colleagues' paper (12)). These data suggest that the equations with an ethnicity variable would better predict cardiorespiratory fitness in an unseen dataset than existing equations. (22) suggested that ethnicity explained little more of the variance in cardiorespiratory fitness because the sample of 140 non-whites was considerably smaller than the sample of 2417 whites. It is also possible that the blacks, Hispanics, and Asian-Pacific Islanders who made up the non-whites were different ethnic groups. The families of the non-whites in the present study were all from South Asia, a region of high diabetes prevalence (11).
It is clear that the best performing of the equations in the present study were those containing an ethnicity variable. These equations contain other variables that might also be readily available in many healthcare settings: age, BMI, smoking status, resting heart rate, and physical activity. There are many ways of expressing physical activity outcomes in observational and experimental studies and it is noteworthy that these equations explained much of the variance in cardiorespiratory fitness, whether physical activity was expressed as quintiles, categories or minutes. The leave-one-out-cross-validation procedure showed that these equations are generalizable and the bootstrap and jackknife resampling techniques showed that there is low variance and bias in these equations.
It has been argued that models should include variables that are thought to be important from the literature, whether or not they reach statistical significance in a particular dataset (2). The literature suggests age, BMI, smoking status, resting heart rate, physical activity and ethnicity are important predictors of cardiorespiratory fitness (6, 16, 20) . Accordingly, these variables were retained in models in the present study. Resting heart rate was a statistically significant predictor of cardiorespiratory fitness in model 1, model 2, model 3, and model 6 (all P<0.05).
Resting heart rate was not a statistically significant predictor in model 4 (P=0.091) or model 5 (P=0.064). Resting heart rate was not removed from any model because the removal of important variables might lead to unreliable models (2).
Non-exercise testing equations developed in white men and women (12, 15) have been shown
to predict cardiovascular and all-cause mortality in whites (16, 20) . In a study of 32,319
adults aged 35 to 70 years at baseline, Stamatakis and colleagues (20) found that non-exercise testing cardiorespiratory fitness predicted cardiovascular and all-cause mortality during nine years of follow up after adjustment for potential confounders. In a study of 20,112 adults aged 20 to 60 years at baseline, Nes and colleagues (16) found that non-exercise testing cardiorespiratory fitness predicted cardiovascular and all-cause mortality during 24 years of follow up after adjustment for potential confounders. Further research is required to determine whether non-exercise testing cardiorespiratory fitness predicts mortality in multiethnic populations, such as South Asians. Insulin resistance is higher in South Asian men than white men and it was recently reported that directly measured cardiorespiratory fitness explained more than two thirds of the ethnic difference in insulin resistance (lower cardiorespiratory fitness explained 68%, lower physical activity explained 29%, and greater adiposity explained 52% of the ethnic variance in HOMA) (6) . These data suggest that it may be particularly important to measure or to estimate cardiorespiratory fitness in South Asian men.
This study has some limitations. The development and validation dataset was drawn from a convenience sample that may not be representative (6); however, physical activity and cardiorespiratory fitness levels were similar in other studies of white European and South Asian men (7). Questionnaires and accelerometers have their advantages and disadvantages (17) , but questionnaires were not used in the original study of Ghouri and colleagues (6) .
Questionnaires might be more feasible in many healthcare settings and model 1 (without an ethnicity variable) and model 4 (with an ethnicity variable) might be used with questionnaires that provide a summary measure of physical activity that can be divided into quintiles, such as the Baecke questionnaire (kcalweek -1 ) (1), the Five-City Project 7-Day Physical Activity
Recall Questionnaire (kcalday -1 ) (19), or the ACLS 7-Day Recall questionnaire (hrwk -1 ) (14) . The dataset was made up of men and more research is required to develop and validate equations for women. The non-exercise testing cardiorespiratory fitness equations were developed and validated in the same dataset; however, bootstrapping is an appropriate way to validate a model in the absence of a large second dataset (5) . The cardiorespiratory fitness of white and South Asian men has only been reported in three other studies, in which sample size ranged from 40 to 92 (3, 8, 9) .
To our knowledge, this is the first study to develop and validate equations to estimate cardiorespiratory fitness in white men and Sough Asian men. This study shows the importance of incorporating ethnicity in non-exercise equations to estimate cardiorespiratory fitness. The equations contain readily available variables, they explain much of the variance in cardiorespiratory fitness, and they are generalizable and reliable.
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